A hybrid approach is proposed to estimate exposure to fine particulate matter (PM 2.5 ) at a given location and time. This approach builds on satellite-based aerosol optical depth (AOD), air pollution data from sparsely distributed Environmental Protection Agency (EPA) sites and local time-space Kriging, an optimal interpolation technique. Given the daily global coverage of AOD data, we can develop daily estimate of air quality at any given location and time. This can assure unprecedented spatial coverage, needed for air quality surveillance and management and epidemiological studies. In this paper, we developed an empirical relationship between the 2 km AOD and PM 2.5 data from EPA sites. Extrapolating this relationship to the study domain resulted in 2.3 million predictions of PM 2.5 between 2000 and 2009 in Cleveland Metropolitan Statistical Area (MSA). We have developed local time-space Kriging to compute exposure at a given location and time using the predicted PM 2.5 . Daily estimates of PM 2.5 were developed for Cleveland MSA between 2000 and 2009 at 2.5 km spatial resolution; 1.7 million (B79.8%) of 2.13 million predictions required for multiyear and geographic domain were robust. In the epidemiological application of the hybrid approach, admissions for an acute exacerbation of chronic obstructive pulmonary disease (AECOPD) was examined with respect to time-space lagged PM 2.5 exposure. Our analysis suggests that the risk of AECOPD increases 2.3% with a unit increase in PM 2.5 exposure within 9 days and 0.051 (B5 km) distance lags. In the aggregated analysis, the exposed groups (who experienced exposure to PM 2.5 415.4 mg/m 3 ) were 54% more likely to be admitted for AECOPD than the reference group. The hybrid approach offers greater spatiotemporal coverage and reliable characterization of ambient concentration than conventional in situ monitoring-based approaches. Thus, this approach can potentially reduce exposure misclassification errors in the conventional air pollution epidemiology studies.
INTRODUCTION
Health effects of air pollution have been subject to intensive research scrutiny for the past several decades. 1 Although we have made great strides in understanding the etiology of the health effects (such as inflammation, oxidative stress and DNA damage) of air pollution, [2] [3] [4] [5] [6] [7] it has been difficult to quantify the precise burden of disease and disability associated with ambient air pollution, especially for population-based epidemiological studies, for several reasons, including exposure uncertainty and study designs. Exposure uncertainty arises because of disconnect between the spatiotemporal resolution of air pollution and health data, and poor spatiotemporal coverage of air pollution data. 8 Given the mismatch in the spatiotemporal resolution of air pollution and health data, most studies rely on retrospective research design, and aggregate ambient air pollution (at sparsely distributed sites) to assess exposure. Given that air pollution can vary within short distance and time intervals, city-or county-wide aggregated estimates of air pollution cannot truly represent population exposure. [9] [10] [11] Given the limited spatiotemporal coverage of air pollution monitoring, data from centrally located sites are inadequate to quantify precise exposure. 12 Recent advances in satellite remote sensing, 13, 14 chemical transport models [15] [16] [17] [18] and expansion of in situ monitoring network offer an opportunity to develop exposure at unprecedented spatiotemporal resolutions. Although the Environmental Protection Agency (EPA) air pollution monitoring network has been expanded, its spatial coverage is still sparse. Thus, this constrains our ability to adequately estimate population exposure for epidemiological studies. This paper offers a novel hybrid approach to develop time-space resolved estimates of exposure. The proposed approach builds on the strengths of high-resolution satellite remote sensing data, EPA data from in situ monitoring of air pollution and local time-space Kriging (LTSK), an optimal interpolation program we have developed. 19 The proposed approach offers several advantages over alternate measures of quantifying exposure. First, Terra and Aqua satellites have daily global coverage and data from sensors aboard these satellites, especially MODIS (Moderate Resolution Imaging Spectroradiometer), can be used to retrieve AOD at greater spatial resolution (i.e. as fine as 1 and 2 km) for two times a day (B1030 and B1330 hours); 14, 20 average of these two values: close to peak hours (B1030 hours local time) and off-peak hours (B1330 hours local time) can provide daily estimates of AOD. In addition, satellite data are in public domain and easily accessible to researchers and regulatory authorities. Therefore, the proposed approach has the potential to enhance the spatiotemporal coverage of air pollution estimates. Second, the hybrid approach addresses the problem of mismatch in the spatiotemporal scales of health and air pollution data. Although the empirical model between satellite-based AOD and EPA data sets are used to develop air quality estimates, LTSK resolves the problem of mismatch in the spatiotemporal scales of air pollution and health data sets. 19 LTSK can be used to quantify exposure at the (desired) spatiotemporal scales of health data sets. Third, the hybrid approach utilizes in situ data (from EPA sites) for developing empirical model. Thus, the model performance and model predictions can be validated. Given the spatiotemporal heterogeneity in emission sources and meteorological conditions, the hybrid approach can be used to develop region-specific models to predict air pollution within the region-specific domains.
The hybrid approach was used: (a) to develop daily estimates of airborne particulate r2.5 mm in aerodynamic diameter (PM 2.5 ) at 2 km spatial resolution from 2000 to 2009 for the Cleveland Metropolitan Statistical Area (MSA), and (b) to compute timespace lagged exposure to PM 2.5 for veterans admitted for an acute exacerbation of chronic obstructive pulmonary disease (AECOPD) in Cleveland MSA. The remainder of this paper describes the study area, materials and methods used for developing high-resolution estimates of air pollution and quantifying time-space lagged exposure with the aid of LTSK and risks of AECOPD with respect to time-space lagged exposure to PM 2.5 . The last two sections present results and a discussion on the implications of the hybrid approach for air pollution epidemiological studies and air quality surveillance and management.
MATERIALS AND METHODS

Study Area
The study focuses on Cleveland MSA, which has diverse urbanization and several EPA sites that monitor airborne particulates o2.5 pm in aerodynamic diameter (PM 2.5 ) (Figure 1 ). The in situ monitored data from these sites are important for developing and validating statistical model to estimate PM 2.5 . The study area also includes both contrasting urban downtown (site no. 60) and suburban areas (site no. 17) and diverse emission sources. Cleveland has consistently failed to meet EPA thresholds of coarse particles. Moreover, several studies document adverse health risks (such as hospital admission and mortality because of cardiopulmonary disease) of ambient particulate matter. [21] [22] [23] The annual average temperature in the study area is 19 1C and ranges from 3 1C to 4 1C in December-January to 27 1C in July-August. A vast majority of time, the wind direction between 0800 and 1500 hours is southwest.
Data Sources
This research relies on data from four different sources, namely MODIS Level 1 and Level 2 data from NASA, 24 meteorological data from the National Climatic Data Center, 25 air pollution data from EPA 26 and COPD data from Veteran Affairs (VA) in-patient and outpatient administrative databases. These data are described below.
MODIS data. Terra and Aqua satellites (that have MODIS onboard) were launched on 18 December 1999 and 4 May 2002, respectively, and MODIS data have been available since 24 February 2000 and 24 June 2002, respectively. MODIS records spectral radiances in 36 bands, which can be grouped by three different spatial resolutions: 0.25, 0.5 and 1.0 km. Although NASA has developed algorithm to extract AOD, the finest spatial resolution of the AOD data is 10 km. Thus, these products were of little use for this research. To extract AOD at finer resolution, we acquired the following MODIS data sets through December 2009 from both satellites: Level 1b Calibrated radiances-1.0 km; Level 1b Calibrated radiances-0.5 km; Level 1b Calibrated radiances-0.25 km; Geolocation-1.0 km; Level 2 Join Atmospheric Products of Profiles; Total Column Ozone; Water Vapor and Stability Indices; and Level 2 Cloud Mask and Spectral Test Results. We modified PGE04 (Version 5.1.0) 27 to extract 2 km AOD using these data. Details on the 2 km AOD extraction are described in the Methodology section below (see Kumar et al. 28 for details).
Meteorological data. Global surface hourly data on meteorological conditions, including relative humidity, surface temperature, Figure 1 . Study area with the location of PM 2.5 (particulate matter 2.5) sites, with 2.5 km grid. The inset (right top) of the figure shows that there is just one PM 2.5 site in the downtown area and the spacing between two consecutive grid cells.
wind direction, wind speed, dew point and atmospheric pressure, were acquired from National Climatic Data Center. These data were important for developing an AOD-PM 2.5 empirical model, because meteorological conditions can influence AOD greatly. For example, the value of AOD increases with the increase in relative humidity, not only because it increases the concentration of water vapors but also because it inflates particle size. 29 Other factors, such as wind speed and atmospheric pressure, can influence aerosols mixing within the boundary layer height. 30, 31 This, in turn, also influences uncertainty in AOD retrieval.
EPA data. PM 2.5 data from 2000 to 2009 were acquired from EPA from all monitoring stations in the Cleveland MSA 26 (Figure 1 ). These data were needed to develop an empirical PM-AOD model and evaluate predicted PM 2.5 . Although there were many monitoring stations, data from five PM 2.5 were used, because data from only these stations had adequate number of data points within 0.0251 (B2.5 km) distance and 60 min time intervals of AOD data. 
Methodology
We extracted AOD at 2 km spatial resolution, which is more robust than the coarse resolution AOD. The methodology for 2 km AOD retrieval and its comparison with the coarse resolutions (5 and 10 km) of AOD is described elsewhere. 28 AOD, which represents ambient solid and liquid particles suspended in the air, can be influenced by several factors, including AOD retrieval from satellite data, such as cloud contamination, surface glint, types of aerosols and boundary layer height. 9, 14, 32 Nonetheless, AOD retrieval at a greater spatial resolution, such as 2 km used in this research, can help overcome some of these problems, because smaller the geographic area lesser the cloud contamination and reflectance uncertainty because of less heterogeneity in land-use and landcover types. Kumar et al. 33 show that the 2 km AOD (retrieved using MODIS data) shows better association (coefficient of correlation B0.93) with in situ measurement of AOD at Aeronet sites 33 than the 10 km AOD (correlation of coefficient B0.76). It is important to note that AOD retrievals are not possible every day because of cloud cover, cloud contamination and distortion in surface radiation due to snow cover. Between 28 February 2000 and 31 December 2009, AOD retrieval was possible for 2176 (60%) days. We chose not fill these gaps using the imputation technique for two reasons. First, imputing values to fill these gaps and then using these imputed and actual AOD values combined to estimate exposure (at a given location and time) will result in greater bias in prediction because of error propagation at two levels. Second, if we have robust estimates of PM 2.5 for days, we have AOD retrievals, and LTSK can be used to estimate PM 2.5 at any given location and day (using these data with the gaps).
Using the in situ data monitored at EPA sites, an empirical relationship between PM 2.5 and 2 km AOD was developed, which controlled for meteorological conditions, seasonality and temporal structure. Because AOD can greatly be influenced by meteorological conditions, we instrument AOD on meteorological conditions using the xtivregress function in STATA. 34 This function controls for site-and day-specific error structure in the data. The model estimates were extrapolated for the entire study domain, which included 2.3 million predictions of daily PM 2.5 between 2000 and 2009 in Cleveland MSA (geographic extent 82.5 1W to 80.75 1W and 40.5 1N to 41.92 1N). There were only five sites in the study area and generalizability of the site-specific Abbreviations: AOD, aerosol optical depth; PM 2.5 , particulate matter 2.5. Factor 1 ¼ a composite score of positively correlated surface temperature, dew point, relative humidity and negative visibility; Factor 2 ¼ a composite score relative humidity inversely associated with surface temperature; and Factor 3 ¼ a composite score of atmospheric pressure inversely associated with wind speed. Source: Kumar et al. 33 method has to be restricted within small area around the site. Thus, we use global model. As evident from Table 2b , the difference between observed and predicted mean in the crossvalidation (for all sites) is o1 mg/m 3 . The global model was run for all sites, but the statistics presented in Table 2b include sitespecific summaries. The performance of the global model should be assessed based on the summary of estimates from all sites. The difference between observed and predicted mean is not significantly different as compared with the site-specific model.
Spatiotemporal scales of predicted PM 2.5 data are not the same as the spatiotemporal scales of health data. We have developed LTSK to address this mismatch in the spatiotemporal scales of two different data sets. If sufficient sample data are available, LTSK can estimate the value at a given location and time within the spatiotemporal domain of the data set. LTSK offers several advantages over the classical time-space Kriging. First, environmental data sets exhibit non-stationary structure, for example, sources of air pollution vary within a region. Therefore, covariance structure within a region is unlikely to be the same. Likewise, interactions between emission sources and meteorological conditions generate processes that are non-stationary both in the mean and covariance structures. In LTSK, we estimate model parameters for each (given) query point for which prediction is needed. The model parameters are estimated using the data points within the selected spatiotemporal intervals (or window or voxel) around a given query point (for which exposure needs to be estimated). The proposed LTSK is a non-separable product-sum model adopted from De Iaco et al. 35 Let {z(s,t)} denote the observed Gaussian process defined over D Â {1,2,y,T}, where D & < 2 denotes the spatial (geographic) domain and t indexes discrete time stamps (such as day in our case). Let (s j ,t j ), j ¼ 1,y,m denote the location and time where predictions are needed. We term (s j ,t j ) as a query point. The implementation of local Kriging requires a location-specific neighborhood around a query point (s j ,t j ), denoted by N j . We assume that within the local neighborhood, data are second-order stationary and observe non-separable spatiotemporal covariance function, specified using the product-sum approach. 35 Let H and U denote the distance and time intervals for defining neighbors. These spatiotemporal intervals should be chosen based on some prior knowledge. For example, for AOD this knowledge can be based on the life cycle of the aerosol and spatial resolution of the satellite data. We define a cylinder N* j around each query point as
The strength of the underlying spatiotemporal correlations is allowed to vary both spatially and temporally around query points. We estimate a location-specific variogramĝ j (h,u) with the procedure described below. Given the estimated spatiotemporal range parameters, denoted by ĥ j and û j , respectively, we define the local neighborhood as a subset of N j *:
We thus identify a local spatiotemporal domain, where the process at observed (or sample) locations is highly correlated with the process realized at query point (j), conditioning on the estimated variogram.
We estimate the empirical variogramĝ j (h,u) using data points within H geographic distance and U days around the query point N j *. We used the method of moment estimates to choose spatial and temporal variograms among exponential, spherical, Gaussian and Matern models. 36 Range parameters can be estimated automatically using the initial lag in the 80 percentile of the spatial-or temporal-only variograms. 37 Nugget and sill parameters are estimated using weighted least square, adjusting for positive correlation within local neighborhood. 38 The interaction parameter of the product-sum model is adjusted to achieve a negative definite estimate of the variogram around each query point.
In implementing LTSK, we face two challenges: sparse data and computation time. First, narrow spatiotemporal lags result in very few data points to accurately estimate time-space covariance function. 39 Consequently, it results in discontinuity in the prediction across time and space. For example, in the satellitebased air pollution data, there are systematic gaps (due to cloud cover and/or data contamination) and sufficient data points may not be available if small time-space lags are used to define local neighborhood. The second challenge is the computation of empirical variogram and the Kriging operation, which involves inversion of a dense n j Â n j matrix, where n j denotes the number of neighbors around a query point j. If n j is large, repetitive inversion requires o(mn 3 j ) computation and the implementation becomes computationally expensive (sometimes prohibitive) for a large number of m We utilize dimension reduction and subsampling techniques to address these challenges. [40] [41] [42] When the number of neighbors around a query point (n j ) exceeds a fixed limit (L n ), we sample L n data points in a spatiotemporally balanced way. A balance sampling achieves a good predictive performance of the underlying process. 43 This requires setting up non-overlapping voxels (or cubes) around the query point j and drawing a weighted sample within each voxel, with probability proportional to the number of data points within each voxel. If there are less than three distinct non-empty cubes across space or time, variogram estimation and Kriging operation are not performed and warning messages (''Less Neighbors by Space'' or ''Less Neighbors by Time'') are attached with the output; more details on the theoretical model and implementations on LTSK are available in the Supplementary Online Material. LTSK for exposure estimation. We applied LTSK to two applications: (a) prediction of daily PM 2.5 at 2.5 km (i.e. the centroid of each 2.5 km pixel) spatial resolution for the Cleveland MSA from 2000 to 2009, and (b) time-space lagged ambient PM 2.5 exposure at the place of residence for all veterans in the study area admitted for AECOPD during 2007. The average exposure was computed within 3, 6, 9, 12 and 15 days of exacerbation and within 0.0251, 0.051, 0.0751 and 0.11 (or B2.5, B5, B7.5 and B10 km) distance of residential location of each subject's home address.
Statistical analysis. Home addresses of veterans who were admitted for AECOPD in Cleveland MSA in 2007 were geocoded. Given our AECOPDs are secondary retrospective data and we did not have access to data on potential confounders, we chose the case crossover design. In this design, all subjects are cases and they serve as their own controls. Thus, their exposure is measured at two points in time: first when they have (disease) symptoms (and serving as cases) and second when they are (disease) symptom free (serving as their own controls). 44 The main assumption underlying the case crossover design is that everything concerning each case is the same but the exposure. Thus, it allows us to differentiate the effects of change in exposure on the occurrence of disease. Although the date of occurrence of disease or symptom is recorded and available in the data set, the time when cases serve as their own controls during the disease/ symptom-free period needs to be determined with caution. Even though the control period can be chosen in many ways, we used 30 days before the exacerbation, because about 4 weeks before exacerbation these patients should not have conditions that lead to exacerbation except air pollution. In addition, the chosen time period is not distant. We assume that socioeconomic and demographic conditions were expected to be the same at both points in time. Let y i0 ¼ 0 indicate no admission (because of AECOPD during the control period) and y i1 ¼ 1 indicate hospital admission because of AECOPD. Let z ij denote time-space lagged exposure to PM 2.5 exposure for the selected spatiotemporal lags as outlined above (within 15 days at an interval of 3 days and within 10 km at an interval of 2.5 km). We assume a conditional logistic regression model y ij BBernoulli(p ij ) as
Two different sets of analyses were performed. In the first set, z ij served as a continuous variable (i.e. exposure to PM 2.5 measured in mg/m 3 ) and relative risks were estimated with respect to a unit change in PM 2.5 exposure within the selected spatiotemporal lags. In the second set, relative risks of AECOD were estimated across exposed and reference groups. We used 75th percentile of the computed PM 2.5 exposure to define exposed and reference groups. In the exposed group, PM 2.5 exposure (within the selected spatiotemporal lags) was 415.4 mg/m 3 (which is 75th percentile and close to the annual average standard of PM 2.5 (15 mg/m 3 ) as adopted by EPA). Given that smoking may modify exposure, Eq. (3) was expanded to introduce the interaction of smoking (coded as 1 and 0 otherwise) with PM 2.5 exposure, as
where s ij is smoking dummy (1 ¼ smoker, 0 otherwise), and g is the coefficient of smoking-related exposure modifier.
RESULTS
PM Prediction
Using Satellite-Based AOD To compute PM 2.5 estimates for the entire study domain (i.e. Cleveland MSA from 2000 to 2009), we developed an empirical relationship of 2 km AOD with the in situ measurement of PM (at EPA sites Table 1) , and then extrapolated the model for all AOD data points to predict PM 2.5 within the spatiotemporal domain under study. Utilizing PM 2.5 and AOD centered (as described in the methodology section) on the selected sites, PM 2.5 was regressed on the instrumented AOD with the control for temporal structure and seasonality. The regression analysis was implemented in STATA using ivxtregress with the cluster option for site-and dayspecific random effect that corrects for site-and day-specific autocorrelation in the error term. 34 The model was run separately for each site (where PM data are recorded on the ground) and for all sites together. The results of the analysis are presented in Table 2a . We compared the performance of global model with the site-specific model. As evident in Table 2b , in the site-specific model the predicted mean (less bias) and variance are closer to the observed mean and variance values, and root mean square error of the site-specific model is lower than that of the global model. The site-specific model will be useful to develop timeseries estimates at/around the site. However, the prediction domain will be very limited in terms of geographic coverage. Therefore, it can result in partial spatial coverage of air pollution. We used the global model for predicting PM 2.5 for all points for which AOD was available. The spatiotemporal resolution of these data was the same as that of the original AOD data, retrieved at 2 km spatial resolution. The temporal resolution of AOD is once a day, that is, the overpass time that is fraction of a second. Extrapolating the predictions (from the empirical model) resulted in a total of 2.34 million valid data points. On average, more than 120 000 PM 2.5 values were available for each year for each satellite within the geographic extent of the Cleveland MSA (82.5 1W-À 80.75 1W and 40. 5 1N-41.92 1N) . The number of data points doubled since 2003 within the same geographic extent after the launch of the Aqua satellite in May 2002, and the hourly extent of these data covered 0900-1500 hours local time. The average concentrations of PM 2.5 from Terra were significantly higher than that from Aqua (mean difference was B1.42 mg/m 3 , Pr0.001). Explaining these differences requires more research. Nonetheless, one potential explanation underlying these differences can be attributed to changes in PM 2.5 concentration due to traffic during peak and off-peak hours. The local overpass time of Terra corresponds with the peak traffic hours, and Aqua overpass time corresponds with the off-peak hours. Thus, PM 2.5 estimates from Terra (peak hours) and Aqua (off-peak hours) combined can provide representative estimates of daily PM 2.5 concentration at a given location.
To evaluate the performance of LTSK, we created artificial gaps in the predicted data set. Given the size of data and computational constraints, we randomly chose 2.5% (33 480 data points of 1 347 407 data points between 2006 and 2009 in the Cleveland MSA) of the data points and then dropped them from the input data set supplied for computing LTSK (Table 3a) . Using the remaining data points in the input data set, we computed PM 2.5 for (location and time of) the skipped data points with the aid of LTSK. We used 0.051 (B5 km) distance and 2 day time intervals to search for sample points needed for LTSK predictions. The mean and 95% confidence intervals of PM 2.5 (predicted using LTSK) and observed PM 2.5 are very close (Table 3b) , and the correlation between them (when Kriging flag was Good) was B0.9 (Table 3b and Figure 2) . However, the correlation between them dropped to B0.73 when fewer neighbors were found within the specified time interval. This means that the availability of sufficient number of data points (more than three data points) within the chosen spatiotemporal intervals (used for computing LTSK) is important to compute reliable exposure at a given location and time.
LTSK for Computing Exposure Estimates
For demonstration purposes, we overlaid a systematic grid of 2.5 km spatial resolution over Cleveland MSA and computed the daily PM 2.5 at the centroid of each 2.5 km cell from 2000 to 2009 (Table 3a) . This resulted in a total of 2.13 million query points for which PM 2.5 were needed. To predict estimate at a given location and time, we need sample data points adjacent to this location and time. As mentioned earlier, a balance needs be made to define distance and time intervals so that there are sufficient data points around the query point (for which prediction is needed) to estimate covariance function. The LTSK, the program we have developed, outputs the prediction flags for each predicted value: good, less neighbors by space and time, less neighbor by time and missing values. The good prediction shows that there were sufficient data points for predicting estimates at a given location and time. In this example, we used 15 days and 0.11 to estimate the parameters of LTSK. All predicted values were evaluated for their robustness. Of these 2.13 million query points, LTSK predicted robust value (i.e. with ''Good'' flag) for 1.7 million (B79.8%) query points. Summary of predicted values is presented in Table 3b . Examples of predictions of PM 2.5 for three consecutive days in two different seasons are shown in Figure 3 . As evident from this figure, there is greater spatiotemporal heterogeneity in PM 2.5 distribution. For example, across two consecutive days the value of PM 2.5 ranges between o10 and 440 mg/m 3 . A major strength of LTSK is that it can capture and characterize spatiotemporal heterogeneity within narrower distance and time intervals, which otherwise is not possible using the global Kriging model and other traditional methods of interpolation.
AECOPD and time-space lagged exposure AECOPD is a product of increase in inflammation because of viral, bacterial or environmental loading. 45 However, exacerbations vary in the degree of severity, with only severe exacerbations requiring an admission. Aaron et al. 46 reported the natural history of a COPD exacerbations, specifically describing the time course and pattern of onset. The authors followed 212 COPD subjects for 2.8 years. During this time interval they collected self-reported symptoms. Their analysis consisted of event time intervals. They concluded that AECOPD exhibits two distinct patterns: sudden onset and gradual onset. Although the sudden onset was associated with increased respiratory symptoms, it had a faster recovery time. Therefore, the lag time between exposure and hospital admission seems to suggest that the hospitalizations because of AECOPD were more gradual. Furthermore, exposures resulting in gradual onset of AECOPD could prolong the recovery time. Therefore, patients are more likely to seek medical attention at the hospital, ultimately requiring an admission. The mechanism of ambient air pollution induced respiratory exacerbation is unclear, but several reports suggest a direct proinflammatory effect of PM on macrophages. 47 Furthermore, PM interacts with lung epithelial cells, which can induce cell death and cell epithelial disruption. 48, 49 All important mechanisms that impair innate immunity, promoting a proinflammatory environment, increase the risk of a host to acquire infections.
A total of 369 veterans were admitted for AECOPD during 2007; of these 39% were smokers and 10% had an admission for an AECOPD in the preceding year. Overall, the patient sample was generally older, male, with good representation of non-white race/ethnicity (Table 4) . We performed two sets of analyses. In the first set, we modeled relative risks of exposed group (defined as PM 2.5 exposure 415.4 mg, which is 75% percentile of computed exposure values) with respect to unexposed group. In the second set, we modeled relative risks with respect to continuous PM 2.5 exposure. Results of the analyses are presented in Tables 5a-c.
We organize results across four distance intervals and five time lags. Exposure uncertainty tends to increase with the increase in spatial intervals. 8 However, time lag is associated with the incubation period (or harvesting period, that is, the time difference between exposure and physiological response). Restricting the exposure within very narrow spatiotemporal lags, such as 3 days and 0.0251 (B2.5 km), exposure was computed for only 156 (B21%) observations (which included 71 cases and 85 controls). However, expanding the analysis to 0.051 (B5 km) and 6 days, we were able to compute exposure for 47% of the observations (348 ¼ 181 cases and 167 controls) (Table 5a ).
Our analysis suggests that if exposure computation was restricted within 0.051 (B5 km) and 6 days, exposed group has 54% greater chance of hospital admission because of AECOPD and the risk further increases within 9 and 12 day lags. Our results suggest that the incubation period of COPD exacerbation with regard to short-term exposure to ambient PM 2.5 is about 6-9 days. Similar findings emerge in the analysis of continuous PM 2.5 exposure without (Table 5b ) and with (Table 5c) the smoking as PM effect modifier. For example, a unit increase in PM 2.5 exposure (computed using the data within 0.051 and 9 days) was associated with 2.5% increase in the risks of hospital admission because of AECOPD (Table 5b) . Smoking is one of the major risk factors for an exacerbation, and a change in smoking behavior (especially when cases serve their controls) may confound the results. Therefore, we control for the effects of smoking as the PM 2.5 effect modifier. Although the coefficients of the effect modifier were insignificant for all distance and time lags, risks associated with PM 2.5 increased further within 15 days of exposure and 0.051 (B5 km) distance lag and the risks also became significant within 7.5 and 10 km distance lags and within 6, 9 and 12 days intervals (Table 5c ). In addition, we also analyzed data for non-smokers separately (Tables 6a and b) . Obviously, the sample size reduced significantly in the analysis of non-smokers. In the aggregated data set (of exposed and reference groups), time-space lagged exposure did not show any significant risks of AECOPD (Table 6a ). However, in the analysis of continuous PM 2.5 exposure, the results are consistent with results of entire group. For example, a unit increase within 9 days and 0.051 lags the risk of AECOPD increases by 2.6%; the value for the entire group was 2.5% (Table 6b ). Although our analysis shows that there is an increased risk of hospital admission because of AECOPD with respect to increase in PM 2.5 exposure, these findings should be interpreted with caution. We used a case crossover design to control for potential confounders. In this design, we assume that indoor exposure and exposure at other places (where these individuals might have spent significant time) remained the same. Likewise, we also assume that behaviors, choices and other risks factors of these individuals remained the same when cases served their own controls 30 days before AECOPD. Another limitation is that most of the subjects are male, because phenotypes of COPD may vary across gender. Therefore, these finding may largely be applicable to male veterans. 
DISCUSSION
This paper presents a hybrid approach to develop daily estimates of exposure to ambient PM 2.5 and demonstrates the application of this approach to investigate the risks of AECOPD with respect to time-space lagged PM 2.5 exposure. The hybrid approach is an important development for air pollution epidemiological studies and air quality surveillance and management. This approach can be used to develop ambient air pollution estimates at a given location and time. It capitalizes upon the strengths of satellite remote sensing, in situ air pollution monitoring and optimal methods of interpolation technique to develop exposure at a given location and time. MODIS data have daily global coverage. Using these data, daily AOD can be retrieved at various spatial resolution, as fine as 1 km. 14, 28, 50 Thus, these data offer unprecedented spatial resolution and temporal coverage. In situ monitoring of air pollution at EPA sites provides opportunity to develop and validate air pollution prediction model with the aid of satellite-based AOD and meteorological conditions. LTSK is useful to quantify exposure (at a given location and time) with minimal prediction error. 19 It addresses the problems of misalignment, missing values and mismatch in the spatiotemporal resolutions of environment and health data sets. 19 As evident from our analysis, the hybrid approach predicted estimates of daily PM 2.5 at 2.5 km spatial resolution for the Cleveland MSA from 2000 to 2009. Of the predicted values 80% were robust. This means within the study domain (i.e. Cleveland MSA and 2000 and 2009), we had 80% daily coverage of PM 2.5 data. The coefficient of correlation between observed and predicted (using LTSK) PM 2.5 was B0.9. For the analysis of AECOPD, we were able to compute exposure at the place of residence for 55% of the data points when exposure estimation was restricted within 9 days and 0.051 (B5 km) distance. However, when exposure is computed using the in situ monitored EPA data, the sample size reduces dramatically. For example, in a recent research when exposure estimation was restricted within 3 miles distance from air pollution monitoring sites for the entire gestation (that included on an average 60 data points) the sample size dropped to B10%.
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LTSK is a unique and novel development for exposure science, as it has the potential to quantify and characterize spatiotemporal heterogeneity, and identify the contribution of local emission sources. In addition, it addresses the issues of spatiotemporal misalignment, mismatch in the spatiotemporal scales of environment and health data sets. However, LTSK requires the search domain around a location and time where prediction is needed and large data size can pose computational problems. A balance needs to be made between the number of data points (i.e. sample size) and spatiotemporal intervals within which to search for sample points for developing covariance function needed for LTSK. The narrower spatiotemporal intervals will result in a smaller sample size. However, wider spatiotemporal intervals can ensure fewer gaps in the prediction, but it leads to greater generalization and may fail to capture local spatiotemporal heterogeneity. Given the spatiotemporal heterogeneity and lifespan of aerosols (about 5 days), we recommend 3-5 daytime interval and B5 km distance interval for LTSK estimation. High-resolution PM data, computed using the hybrid approach, will enhance exposure estimation for population-based studies. Not only does this approach ensure greater precision in ambient air pollution exposure estimation but it can also be used to compute short-term air pollution exposure for population-based studies and can be extrapolated to other cities and larger geographic domains, especially where in situ monitoring of air pollution is absent. Air pollution estimates developed using this approach can also be useful to revisit air pollution epidemiological studies to improve our understanding of the burden of disease and disability associated with ambient air pollution. Because the hybrid approach ensures greater sample size (because of the increase in spatiotemporal coverage of air pollution) and reduces exposure misclassification. Thus, the results of these studies are likely to be more reliable than that of the traditional studies that rely on air pollution data from sparsely distributed fixed EPA sites. In addition, high-resolution air pollution, estimated using the hybrid approach, have greater implications for air quality surveillance and management and environmental justice research.
Although the hybrid approach seems promising to develop exposure, it is important to document inherent limitations of this approach. First, AOD retrieval is not possible every day because of cloud cover, cloud and contamination. Therefore, there are systematic gaps in AOD data. Second, the AOD-PM association can be influenced by a number of factors: emission sources and meteorological conditions and proximity natural sources of aerosol, such as sea salt, forest fires and windblown dust. Therefore, an AOD-PM association observed in one region cannot be directly extrapolated to other regions. It is also important to have in situ air pollution data to develop and validate AOD-PM empirical model. In the absence of such data, mobile vans can be used to record air pollution data instead of satellite over time. For example, Kumar and Foster 51 administered a mobile field campaign to collect air pollution data prospectively, restricting their monitoring during the satellite crossing time. Future efforts should be geared towards the assimilation of satellite-based AOD with the chemical transport models to further enhance the temporal coverage of air pollution prediction by hour. 50 
